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Purpose: We propose a new objective numerical figure of merit to aid in the evaluation and comparison of 
tissue-selective images generated from dual-energy radiography systems. 
Methods: A metric is developed through identification of the requirements of a successful objective metric and 
analyzed in a variety of scenarios 
Results: The proposed Dual-Energy Subtraction Efficiency (DSE) metric adequately describes a multitude of 
image properties for all simulated image scenarios, indicating its ability to accurately and objectively describe 
image quality 
Conclusions: The DSE and its measurement method described can become a tool to characterize dual-energy 
radiographic image quality objectively and quantitatively, allowing for improved system comparison, 
development, and optimization 
Key words: X-ray, Dual Energy, Radiography, Quality, Noise, Resolution 
I. INTRODUCTION 
Dual-Energy (DE) radiography has found a variety of application in the medical imaging space with well-known clinical 
benefits1–9. The recent widespread adoption of digital X-ray detectors, together with advances in X-ray generators and a 
reduction in component cost, has resulted in an increased number of DE offerings by a variety of equipment 
manufacturers10–12. With this, there follows a clinical, industrial, and regulatory need for an objective method of comparing 
image quality across current and future offerings. However, this has proven to be challenging due to the wide variety of 
technological approaches to DE imaging –from the method of DE data acquisition10,13–15 to the tissue-subtraction algorithms 
used16–20 to noise reduction techniques21–23–, as well as the complexity of the tissue-subtracted images obtained through the 
DE process24,25. As a result, many methods have been used in literature to evaluate and compare DE image quality26–30, each 
with their own set of deficiencies. 
Our objective is to develop an experimental and analytical method to objectively quantify the clinically-relevant properties of 
tissue-subtracted DE images. The resulting metric can then be used to compare current technologies, can serve as a regulatory 
and quality assurance tool, and can aid in the development and optimization of future technologies. 
II. METRIC REQUIREMENTS 
To motivate the specifics of the quality metric measurement and computation process, a series of requirements were imposed 
that would result in a successfully objective and complete metric. These were inspired by the common clinical applications 
of DE radiography, by the variety of existing technologies, and by the important objectivity property. The developed quality 
metric must 
be independent of imaging and subtraction method – of course, the developed metric should be able to be applied to a 
variety of both DE image data acquisition methods and tissue-subtraction algorithms. Furthermore, it should serve as an 
effective tool to compare such technologies, and accurately describe their respective benefits and drawbacks;  
reflect the amount of tissue subtraction – the main purpose of DE tissue subtraction radiography is to reduce or remove 
anatomical noise, thereby enhancing visibility of the anatomies of interest. The quintessential example of this process is the 
removal of the overlying ribs in a chest radiograph in order to more clearly focus on the lung field. The developed metric 
should quantify the quality of this anatomical noise removal, and drop from its optimal value when residual noise is still 
present in the tissue subtracted image;  
quantify the image noise properties and resolution – many design decisions in radiography (such as pixel size, scintillator 
thickness, input X-ray spectrum properties, etc.) encompass a compromise between image noise and resolution. This is 
intensified in tissue subtraction DE imaging due to the image-processing nature of this technique. It is important that the 
developed metric closely quantifies both noise and resolution in the tissue-subtracted image, since a metric that only reflects 
one of these could easily be optimized at the detriment of the other; 
be possible to measure in a standardized, reproduceable way – the experimental setup must be simple enough such that 
any modestly-equipped laboratory may be able to reproduce it, and the data analysis strictly standardized so as to not leave 
room for uncertainty caused by mathematical implementations. Moreover, the process must be designed to accommodate any 
commonly-used data type and still provide universally comparable results; 
be immune to a variety of edge cases – the complex nature of tissue subtraction techniques can result in images that may, at 
their surface, look to have improved quality, but in reality have done so at the expense of added artifacts to the image. A 
common example of such artifacts are edge artifacts introduced at the boundary between two tissue types, typically caused by 
a mismatch in the effective resolution of the input DE image data. A successful metric should recognize and quantify such 
image artifacts; 
III. PROPOSED METRIC: DUAL-ENERGY SUBTRACTION EFFICIENCY 
We propose a new metric, coined Dual-Energy Subtraction Efficiency (or 𝐷𝑆𝐸), which through its experimental procedure 
and image analysis, can achieve the stated goals. It is based on the spectral transfer of noise, contrast, and resolution properties 
from the captured (or primary) DE image data to the generated (or secondary) tissue-subtracted images. 
III.A. Experimental Setup 
The process of measuring 𝐷𝑆𝐸 begins by obtaining the primary image data. These are the images obtained directly through 
X-ray exposures. Depending on the Dual-Energy imaging system used, an acquisition of a Dual-Energy data set may consist 
of one or many X-ray exposures. Typically, spectral switching systems will perform two or more X-ray exposures separated 
in time and using differing in spectral properties, such as X-ray source kilovolt peak and/or additional beam filtration. On the 
other hand, single-exposure systems obtain a multitude of images of different spectral properties through energy-resolving 
capabilities of their X-ray detector, the most common of which are multi-layer devices, which consist of two or more stacked 
X-ray sensors, sometimes separated by a beam-hardening filter. 
The required data sets for the calculation of the DSE are images of a step phantom. This phantom consists of a 50 mm acrylic 
(polymethyl methacrylate) base and two interchangeable edges: an acrylic edge and an aluminum edge. The base is meant to 
simulate a constant amount of background soft-tissue similar to that of a lung field, while the edges are used to introduce soft-
tissue and hard-tissue contrast, respectively. Acrylic and aluminum were selected as the phantom materials due to their similar 
X-ray attenuation properties to soft-tissue and bone respectively, and due to their universal availability. The phantom is further 
parametrized by the thickness of the edges, 𝑡: the acrylic edge is defined to have a thickness of 5𝑡 mm, while the aluminum 
is defined to have a thickness of 𝑡 mm. This 5 ∶ 1 ratio was selected given the approximate 5 × expected attenuation of 
aluminum versus acrylic1. 
 
   
Fig. 1 DSE phantom consisting of an acrylic base (1), an acrylic edge (2) and an aluminum edge (3). Shown in its base-only configuration (left), its acrylic-
edge configuration (centre), and its aluminum-edge configuration (right). 
Six separate primary data sets are required for the measurement of a system’s 𝐷𝑆𝐸 in one dimension. These are denoted with 
𝕀𝑝,𝑘, where the subscript 𝑝 ∈ {𝑏, 𝑠, ℎ} indicates the phantom configuration being imaged (base only, base and acrylic edge, 
base and aluminum edge, respectively), and the subscript 𝑘 ∈ {𝑋1, 𝑋2} indicates the exposure level used to acquire the image, 
where 𝑋1 refers to air kerma levels commonly used by this system in a clinical setting, and 𝑋2 refers to approximately double 
 
1 for TASMICS spectra with 1.6 mm intrinsic aluminum filtration and a tube kilovolt peak ranging from 40 kV to 150 kV, the average beam, after being 
attenuated by a 50 mm acrylic base, will see the same energy attenuation from 1 mm of aluminum as from 6.55 mm of acrylic. Note that this value varies 
significantly throughout this spectral range, and the 5 ∶ 1 ratio is meant solely as a simple first-order approximation of relative attenuations, not as a precise 
value. 
      
   
   
   
that. Note that the symbol 𝕀 is chosen to indicate that a data set contains two or more images which differ from each other in 
their X-ray spectral (i.e. energy) properties. 
In order to appropriately measure a supersampled edge profile of the phantom, careful placement of the phantom in the X-ray 
system geometry is required. The phantom must be placed immediately on the surface of the X-ray detector, with the phantom 
edge creating an angle with the detector active array of 1° to 3°, and the X-ray beam line as close as possible to the edge 
centre. 
Table 1 List of primary data sets obtained directly through X-ray exposures, each with differing phantom configuration and air kerma level. 
 Phantom configuration 
Air Kerma Level Base only Acrylic edge Aluminum edge 
~ Typical Clinical Setting 𝕀𝑏,𝑋1 𝕀𝑠,𝑋1 𝕀ℎ,𝑋1 
~2 × Typical Clinical Setting 𝕀𝑏,𝑋2 𝕀ℎ,𝑋2 𝕀ℎ,𝑋2 
III.B. Derived Images and Dual-Energy Subtraction 
Once the primary data sets have been obtained, it is possible to mathematically combine them to obtain derived images. Two 
types of derived images are of interest to 𝐷𝑆𝐸 calculation: summation images, and tissue-subtracted images. Summation 
images are a simple addition of all images in a primary data set, and represent the total signal obtained in all exposures 
pertaining to a single data set. Tissue-subtracted images are those obtained through dual-energy processing of the primary 
data set with the goal removing all contrast from a particular tissue type or material. The most common approach for obtaining 
subtracted images is through logarithmic subtraction, but any method of contrast cancellation is acceptable for the calculation 
of 𝐷𝑆𝐸, as long as it is an algorithmic combination of the images in the primary data set. 
Three derived images need be obtained from each primary data set using these methods. These are denoted with 𝐼d,p,k
′ , where 
the prime symbol is used to indicate their computed nature, and the subscript 𝑑 ∈ {𝛴, 𝐻, 𝑆} indicates the image is a summation, 
hard-tissue only (i.e. soft-tissue subtracted), or soft-tissue only (i.e. hard-tissue subtracted) image, respectively. Table 2 below 
shows a summary of all the necessary derived images. Note that when obtaining the derived images, the exact same processing 
must be applied to images corresponding to different phantom configurations and exposure levels. 
Table 2 List of derived images obtained through summation and dual-energy subtraction from the primary data sets. 
 Phantom configuration 
Derived image type Base only Acrylic edge Aluminum edge 
Summation 𝐼𝛴,𝑏,𝑋1
′ , 𝐼𝛴,𝑏,𝑋2
′  𝐼𝛴,𝑠,𝑋1
′ , 𝐼𝛴,𝑠,𝑋2
′  𝐼𝛴,ℎ,𝑋1
′ , 𝐼𝛴,ℎ,𝑋2
′  
Soft-tissue subtraction 
(i.e. hard-tissue image) 
𝐼𝐻,𝑏,𝑋1
′ , 𝐼𝐻,𝑏,𝑋2
′  𝐼𝐻,𝑠,𝑋1
′ , 𝐼𝐻,𝑠,𝑋2
′  𝐼𝐻,ℎ,𝑋1
′ , 𝐼𝐻,ℎ,𝑋2
′  
Hard-tissue subtraction 
(i.e. soft-tissue image) 
𝐼𝑆,𝑏,𝑋1
′ , 𝐼𝑆,𝑏,𝑋2
′  𝐼𝑆,𝑠,𝑋1
′ , 𝐼𝑆,𝑠,𝑋2
′  𝐼𝑆,ℎ,𝑋1
′ , 𝐼𝑆,ℎ,𝑋2
′  
Due to the loss of the linear relationship between input air kerma and image values caused by most tissue subtraction 
algorithms, it is necessary to renormalize all tissue-specific derived images. This is accomplished by linearly rescaling the 
image such that the median signal values in the base and tissue-specific step regions match those of its corresponding 
summation image2. For example, 𝐼𝐻,𝑝,𝑋1
′  are rescaled using 
𝐼𝐻,𝑝,𝑋𝑛
′′ = (𝐼𝐻,𝑝,𝑋𝑛
′ − ?̃?𝐻,𝑏,𝑋𝑛(𝑏) ) ×
?̃?𝛴,ℎ,𝑋𝑛(𝑠) − ?̃?𝛴,ℎ,𝑋𝑛(𝑏)
?̃?𝐻,ℎ,𝑋𝑛(𝑠) − ?̃?𝐻,ℎ,𝑋𝑛(𝑏)
+ ?̃?𝛴,𝑏,𝑋𝑛(𝑏) 
where 𝐼𝑑,𝑝,𝑋n
′′  is the obtained renormalized derived tissue-specific image, and ?̃?𝑑,𝑝,𝑋𝑛(𝑏, 𝑠) is the median value of the base or 
step region (respectively) in the derived image of the same subscript. The motivation behind this renormalization technique 
is that, in dual-energy images, the magnitude of the image noise only makes sense in relation to the contrast available in the 
 
2 This renormalization procedure presumes that the summation images follow a linear relationship between their image values 
and the input air kerma. If this is not found to be the case, a linearization function should first be applied to all summation 
images. This function should be computed by measuring the average signal for summation images containing the phantom in 
its base-only configuration. 
remaining tissue type. Unlike conventional radiography images, dual-energy images do nor contain a reference point of zero 
signal, and thus it is necessary to utilize two arbitrary signal points to define a relevant contrast. The remaining phantom step 
is the natural choice for such signal points. 
III.C. Definition 
The Dual-Energy Subtraction Efficiency metric was developed such that it can characterize three aspects of the tissue-
subtracted images: 
• the relative noise properties of the tissue-subtracted images with respect to the primary data set; 
• the relative spatial resolution of the tissue-subtracted images with respect to the primary data set; 
• the quality of tissue cancellation. 
In this way, 𝐷𝑆𝐸 reflects the transfer of image quality metric from the primary data set to the tissue-subtracted images, and 
not necessarily the absolute quality of the image. This metric may be used in conjunction with a more objective metric such 
as modulation transfer function and detective quantum efficiency to obtain a full picture of system resolution and dose 
efficiency. 
Mathematically, the 𝐷𝑆𝐸 is defined in terms of the noise transfer 𝑁𝑇𝑑(𝑢, 𝑣), the resolution transfer 𝑅𝑇𝑑, and the subtraction 
artifact power 𝐴𝑃𝑑 as 
𝐷𝑆𝐸𝑑(𝑢, 𝑣) = (1 − √𝐴𝑃𝑑(𝑢, 𝑣))
𝑅𝑇𝑑
2(𝑢, 𝑣)
𝑁𝑇𝑑(𝑢, 𝑣)
 
where 𝑑 ∈ {𝐻, 𝑆} indicates the tissue-type subtracted. These and their computation procedures are further described in the 
following sections. In this way, the 𝐷𝑆𝐸 represents the conjunction of all three image characteristics it aims to describe. 
III.C.1. Noise Transfer 
The noise transfer term measures the increase in quantum noise that results from dual-energy subtraction. This is accomplished 
by measuring the spectral power in a quantum-noise only image in both the tissue-subtracted image and the summation image. 
The image of the phantom in its base-only configuration was chosen to represent a typical amount of background quantum 
noise. Therefore, 𝑁𝑇𝑑 is defined as 
𝑁𝑇𝑑(𝑢, 𝑣) =
𝑁𝑃𝑆𝑑,𝑏,𝑋1(𝑢, 𝑣)
𝑁𝑃𝑆𝛴,𝑏,𝑋1(𝑢, 𝑣)
 
where 𝑁𝑃𝑆𝑑,𝑝,𝑋𝑛(𝑢, 𝑣) is the noise power spectrum of the derived image of the same subscript, which must be first 
renormalized in the case of tissue selective images. 
III.C.2. Spatial Resolution Transfer 
In order to measure the effects that dual-energy subtraction has on image resolution, we can study the changes in the edge 
profile created by the phantom step. A subtraction algorithm that results in a loss of resolution will see a spreading of this 
edge profile. It is therefore possible to quantify the loss in resolution as a function of spectral frequency with 
𝑅𝑇𝑑 =
𝑆𝑆𝐹𝑆,𝑝,𝑋1(𝑢, 𝑣)
𝑆𝑆𝐹𝛴,𝑠,𝑋1(𝑢, 𝑣)
 
for 𝑝 = 𝑠 when 𝑑 = 𝑆 and 𝑝 = ℎ when 𝑑 = 𝐻, and where 𝑆𝑆𝐹 𝑑,𝑝,𝑋𝑛(𝑢, 𝑣) = |ℱ(𝐿𝑆𝐹𝑑,𝑝,𝑋𝑛)| is the step spectral function and 
LSF is the line spread function of the edge generated by the phantom step. 
III.C.3. Tissue Cancellation 
In order to measure the quality of tissue cancellation, we can analyze the spectral properties of the remaining artifacts after 
subtraction. However, obtaining a power spectrum of the tissue subtracted images will show contributions from both 
subtraction artifacts and image quantum noise. In order to decouple them, the tissue-subtracted images are obtained at two 
separate exposure levels: 𝑋1 and 𝑋2. In practice, these two exposure levels are selected to achieve a ~2 ∶ 1 ratio, but any ratio 
may suffice to accurately measure artifact contributions. 
This decoupling is possible thanks to the differing relationships the spectral power of each of component has to input air 
kerma levels. Due to the poissonic nature of quantum noise, all spectral power components caused by it will increase linearly 
with input exposure levels, while image artifacts are assumed to be a linear function of input signal, and thus their spectral 
power components will increase with the square of input exposure level. 
It is therefore possible to obtain an estimate of the spectral power contributions of the remaining artifacts using 
𝐴𝑃𝑑(𝑢, 𝑣) ≈
𝐸𝑃𝑆𝑑,𝑝,𝑋2(𝑢, 𝑣) − (𝑋2 𝑋1⁄ ) × 𝐸𝑃𝑆𝑑,𝑝,𝑋1(𝑢, 𝑣)
𝐴𝑃𝛴𝑝(𝑢, 𝑣)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
 
𝐴𝑃𝛴𝑝(𝑢, 𝑣) ≈ 𝐸𝑃𝑆𝛴,𝑝,𝑋2(𝑢, 𝑣) − (𝑋2 𝑋1⁄ ) × 𝐸𝑃𝑆𝑑,𝑝,𝑋1(𝑢, 𝑣) 
for 𝑝 = ℎ when 𝑑 = 𝑆 and 𝑝 = 𝑠 when 𝑑 = 𝐻, and where 𝐸𝑃𝑆𝑑,𝑏,𝑋2(𝑢, 𝑣) is the edge power spectrum representing the spatial 
spectral power of the corresponding image measured around the step edge. In this way, 𝐴𝑃𝑑(𝑢, 𝑣) represents the portion of 
step signal remaining in the dual-energy image, since it is normalized to the power of the same edge in the summation image. 
Note that the summation image power is averaged across all frequencies, since is it possible that the subtraction process 
includes a frequency transfer of the step features, and thus the edge artifact components in the dual-energy image may be of 
higher power than the full step in the summation image for some frequencies. 
IV. RESULTS 
To evaluate the proposed metric, mathematical simulations of a two-shot dual-energy system were used to assess a variety of 
acquisition and subtraction scenarios in order to ensure that the 𝐷𝑆𝐸 reflects the final image quality. These simulations serve 
to illustrate the results of this metric when applied to an idealized system, which utilizes a perfectly absorbing detector and 
lacks all system nonidealities such as scatter, input beam nonuniformities, geometric misalignment, etc. 
Table 3 Results of mathematical simulations of an ideal X-ray systems in a variety of dual-energy subtraction scenarios. Simulated system consisted of an 
ideal X-ray detector of 100 μm square pixels with a scintillator blur simulated using a 𝜎 = 0.45 gaussian blur kernel. Two exposures were simulated at 
60 kVp and 120 kVp at an input air kerma of 0.1 mGy and 0.06̂ mGy respectively, achieving a 1 ∶ 1.5 ratio in low- to high-energy exposure. The DSE 
phantom was simulated in its 𝑡 = 2 configuration with a 2° rotation from the detector array axis. All simulations generated a 512 × 512 image, which were 
repeated 32 times and their metrics averaged to obtain the values shown below. Metric graphs show the 𝐷𝑆𝐸𝑆 (solid) and its 𝑁𝑇
−1 (dotted) term on the left 
axis and its 𝑅𝑇2 (dot-dashed) and 1 − √𝐴𝑃 (dashed) terms on the right axis. 
Scenario Sample 𝐼𝐻,𝑠,𝑋1
′′  Metrics Discussion 
Ideal 
  
This scenario illustrates an ideal DE logarithmic 
subtraction. The 𝑅𝑇 and 𝐴𝑃 terms = 1 ∀ 𝑢 in this ideal 
situation, and thus the 𝐷𝑆𝐸 is only affected by 𝑁𝑇, 
which indicates that the DE images’ 𝑆𝑁𝑅2 is ~6% that 
of the summation image. 
Imperfect 
Subtraction 
  
This scenario shows a nonideal selection of subtraction 
factor in the DE logarithmic subtraction. While this 
results in a higher image SNR as shown by the higher 
𝑁𝑇 term, the remaining edge artifact in 𝐼𝐻,𝑠,𝑋1
′′  causes a 
large decrease of the 𝐴𝑃 term at low frequencies, 
decreasing the 𝐷𝑆𝐸 there. 
Edge 
Artifact 
  
In this scenario, the high-energy image was low-pass 
filtered before DE subtraction to simulate an MTF 
mismatch between the layers of a single-shot system or 
the differing scintillator blur for different energies seen 
in a 2-shot system. Similar to the previous scenario, this 
results in lower DE image noise, but leaves behind an 
edge artifact, which the 𝐷𝑆𝐸 measures as a mid-
frequency dip. 
Low-Pass 
Filtering 
  
In this scenario, both energy images were low-pass 
filtered with the same kernel size before subtraction. 
This technique is sometimes utilized to decrease the 
noise in the DE images. While this avoids the edge 
artifact seen in the last scenario, it results in a loss in 
resolution, and hence the 𝑅𝑇 term decreases and 
compensates for the quantum noise reduction. 
 
V. DISCUSSION 
It is clear from these simulation results that the 𝐷𝑆𝐸 metric appropriately describes the desired dual-energy image properties, 
namely the amount of tissue subtraction, the noise and resolution properties, and the presence of subtraction artifacts. It is 
even possible to identify the particulars of the image deficiency by studying the 𝐷𝑆𝐸 spectral shape. 
However, the complexity caused by the differing spectral characteristics may make it difficult to use the 𝐷𝑆𝐸 as a tool when 
doing large optimizations of dual-energy systems, particularly given the dependency of this metric on the phantom 
configuration. To address this, we propose the use of the minimum 𝐷𝑆𝐸, or 𝑚𝐷𝑆𝐸 (defined as the minimum value of the 𝐷𝑆𝐸 
across the entire frequency spectrum), to serve as a single-value metric summary of the 𝐷𝑆𝐸(𝑢, 𝑣). 
 
Fig. 2: Example system optimization using 𝑚𝐷𝑆𝐸 as a quality metric. The soft-tissue subtraction factor was optimized for the system described in Table 3 
for varying phantom 𝑡 parameter values. This example showcases the potential role of the 𝑚𝐷𝑆𝐸 when designing dual-energy systems and image algorithms. 
While the 𝐷𝑆𝐸 is able to describe the image properties mentioned above, one notable exception that this method is lacking is 
the presence and severity of motion artifacts. These are artifacts existing in multi-shot dual-energy systems that are caused by 
misalignments between the primary images, typically caused by patient motion between the acquisitions. Is it possible to 
ensure that the 𝐷𝑆𝐸 describes these edge artifacts (likely as a mid-frequency dip) by simulating patient motion through the 
moment of the phantom between the different primary image acquisitions or through the warping of one of the primary 
acquisitions by a known motion kernel. The details of such extensions to the 𝐷𝑆𝐸 are left as the subject of future work. 
VI. CONCLUSIONS 
The proposed metric and its associated procedure allow for a quantitative and objective evaluation of the transfer of image 
quality properties between a conventional radiography image and a dual-energy image generated by the same system. We 
conclude that, alongside quality metrics dedicated to conventional radiography such as detective quantum efficiency, it is now 
possible to extend objective X-ray system evaluation to include dual-energy subtraction radiography. 
We see the value of the 𝐷𝑆𝐸 lying not only in its ability to characterize and compare existing dual-energy systems, but also 
in the assistance in can provide to the development of new systems. This is of particular importance due to the wide variety 
of existing techniques used to perform and augment the dual-energy subtraction process. Given the competing nature of the 
various image quality properties, it is easy to optimize for one of them while neglecting the rest. The 𝐷𝑆𝐸 provides a picture 
which simultaneously addressed many of these properties, allowing for a more careful optimization of systems and algorithms. 
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